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Abstract

The increasing trust in large language models
(LLMs), especially in the form of chatbots,
is often undermined by the lack of their ex-
trinsic evaluation. This holds particularly true
in nutrition, where randomised controlled tri-
als (RCTs) are the gold standard, and experts
demand them for evidence-based deployment.
LLMs have shown promising results in this
field, but these are limited to intrinsic setups.
We address this gap by running the first RCT
involving LLMs for nutrition. We augment a
rule-based chatbot with two LLM-based fea-
tures: (1) message rephrasing for conversa-
tional variety and engagement, and (2) nutri-
tional counselling through a fine-tuned model.
In our seven-week RCT (n=81), we compare
chatbot variants with and without LLM integra-
tion. We measure effects on dietary outcome,
emotional well-being, and engagement. De-
spite our LLM-based features performing well
in intrinsic evaluation, we find that they did
not yield consistent benefits in real-world de-
ployment. These results highlight critical gaps
between intrinsic evaluations and real-world
impact, emphasising the need for interdisci-
plinary, human-centred approaches.1

1 Introduction

Every day, individuals make over 200 food-related
decisions (Wansink and Sobal, 2007; van Meer
et al., 2016). With sedentary lifestyles becoming
increasingly common (Park et al., 2020) and global
health issues on the rise (Malik et al., 2013; Row-
ley et al., 2017), scalable interventions are needed.
Digital health technologies via mobile devices of-
fer accessible solutions (Vearrier et al., 2018; Sen-
bekov et al., 2020).

In parallel, advances in fine-tuned language mod-
els enabled the generation of human-like responses
for many practical applications (Wei et al., 2022;

1We provide all of our code and results at:
https://github.com/saeshyra/diet-chatbot-trial

Min et al., 2024). This resulted in a general hype
and trust—especially among laypeople and compa-
nies—in the potential of this technology (Strange,
2024). This also applies to nutrition: LLMs look
promising for tasks like meal recommendation, pro-
viding dietary advice, and general domain under-
standing (Niszczota and Rybicka, 2023; Naja et al.,
2024; Tsiantis et al., 2024). Randomised controlled
trials (RCTs) are required by domain experts be-
fore any real-world deployment (Stolberg et al.,
2004; Hariton and Locascio, 2018; Baumel et al.,
2019), as they are the foundation of evidence-based
medicine and give objective measures of real-world
impact. However, past evaluations of LLMs in nu-
trition are intrinsic only. No evidence has been
collected regarding the impact of LLMs in real-
world nutrition tasks. This includes sustained diet
coaching, where users receive feedback on improv-
ing their dietary habits (Vrkatić et al., 2022), or
nutritional counselling, where tailored empathetic
support helps users address more complex dietary
issues (Vasiloglou et al., 2019).

We conduct the first extrinsic evaluation of an
LLM-enhanced chatbot for these two tasks. We
start from a rule-based chatbot capable of scan-
ning users’ food diaries to provide tailored insights.
Then, we integrate two LLM-based features: (1) a
rephrasing module and (2) a nutritional counselling
model. The former varies the base templated re-
sponses to make communication more engaging,
while the latter provides tailored support, comfort,
and suggestions for users’ specific dietary concerns.
In a seven-week RCT with 81 participants, we com-
pare three groups: a group using the full set of
features (insights+rephrasing+counselling), an in-
termediate group (insights+rephrasing), and a base
group using only the rule-based chatbot (insights
only). We measure dietary outcomes, emotional
well-being, and engagement. Ethics details are pre-
sented in Section D.

Based on our results, the “promise” of LLMs
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in nutrition falls short in the real world: the LLM-
based features had little to no effect on any of the
measures we consider. Our study provides critical
insights into the effectiveness of LLMs in nutri-
tion, the safe deployment of these models, and the
interdisciplinary challenges of applying them to
sensitive domains.

2 Related Work

Digital health interventions can improve accessi-
bility, cost-effectiveness, and patient-centred care
(Greaves et al., 2013; Mitchell and Kan, 2019; Taj
et al., 2019). For example, telemedicine allows
remote consultations (Barbosa et al., 2021; Totten
et al., 2022), while wearable devices enable con-
tinuous health monitoring (Izmailova et al., 2018;
Natalucci et al., 2023). Mobile health interventions
can be highly effective in terms of user adherence
(Kamal et al., 2015; Müller et al., 2016; Hoeppner
et al., 2017; Lee et al., 2018; Oyebode et al., 2020).

In nutrition, chatbots have emerged as a promis-
ing tool to promote healthy eating habits, offering
food intake tracking (Graf et al., 2015; Kerr et al.,
2016), educational content, and motivational mes-
saging (Fadhil and Villafiorita, 2017; Casas et al.,
2018; Maher et al., 2020a). Recent advancements
in pre-trained language models can further expand
their capabilities in this domain, but not without
shortcomings. Recent LLMs can generate meal
plans and dietary recommendations based on user
needs, but their performance decreases in more
complex cases (Niszczota and Rybicka, 2023; Naja
et al., 2024; Tsiantis et al., 2024).

Beyond meal guidance and recommendations,
AI chatbots are being increasingly explored for
their potential to provide empathetic support to-
wards behaviour change. Negative emotions can
lead to poorer nutritional choices (Devonport et al.,
2019; González et al., 2022) and tailored advice
can mitigate this mental load (Balloccu and Re-
iter, 2022a; Park et al., 2024). Chatbots can be
approachable, calming, and display adequate ther-
apeutic skills (Zhang et al., 2020; Beilharz et al.,
2021; Vowels et al., 2024). This can enhance en-
gagement in sensitive contexts like body image,
eating disorders, and relationship counselling. Ar-
tificial empathy and personalised interactions from
chatbots (Stephens et al., 2019; Rahmanti et al.,
2022) can help users in pursuing healthier habits.
The therapeutic promise of chatbots also raises im-
portant ethical questions. There is still need for

deeper integration of empathy, mental health sensi-
tivity, and patient safety into chatbot design (Stein
and Brooks, 2017; Anisha et al., 2024). When eval-
uated by experts, AI nutritional support is often
scientifically sound but potentially outdated, inac-
curate (Kirk et al., 2023), or even harmful for more
complex cases (Balloccu et al., 2024).

While accuracy is important, user engagement
also plays a critical role to the success of digital
health interventions in nutrition. When users lose
interest in using the chatbots, this causes a rapid
decrease in dietary adherence, and eventually re-
sult in early drop-out (Fadhil, 2018; Maher et al.,
2020b; Balloccu et al., 2021). User satisfaction
and motivation are usually pursued through person-
alisation, communication, visual elements (Kettle
and Lee, 2024; Balloccu and Reiter, 2022b), gam-
ification (Fadhil and Villafiorita, 2017), or social
support mechanisms (Svetkey et al., 2015).

For all of the above aspects, rigorous extrin-
sic evaluation is needed, to move chatbots from
experimental prototypes to deployable healthcare
assistants (Baumel et al., 2019). Yet, existing
evaluations are synthetic (Mishra et al., 2024;
Yang et al., 2024), focused on textual charac-
teristics or accuracy against standardised bench-
marks (Parameswaran et al., 2024; Azimi et al.,
2025). Our work is, to our knowledge, the
first (Omar et al., 2024) randomised controlled eval-
uation of LLM-delivered diet coaching and nutri-
tional counselling over an extended deployment.

3 Chatbot Development

We extend the rule-based diet-coaching chatbot by
Balloccu and Reiter (2022b), which is deployed on
the Telegram messaging platform and designed to
deliver personalised nutritional insights based on
users’ food diary on MyFitnessPal (Evans, 2017),
a popular and freely available calorie-counting app.
The core functionality of the chatbot involves deliv-
ering insights in two forms: (1) basic insights (Fig-
ure 2a), which are simple recaps of a user’s dietary
intake—calories and nutrients, and (2) advanced
insights (Figure 2b), which present an extended
textual description with some corresponding data
visualisation.

For this work, we extend the chatbot2 with two
LLM-powered features: rephrasing to vary the
templated responses, and nutritional counselling
through fine-tuned models. Figure 1 illustrates

2We use the code made available by the authors.
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Figure 1: Overview of the chatbot architecture and functional flow. The BASELINE version uses the red flow only,
REPHRASED adds the step marked in blue, and FULL adds the flow marked in purple. We provide an example of the
insights flow in Figure 2 and the supportive text flow in Table 2.

(a) Basic insights into all monitored nutrients
for a single day.

(b) Advanced insights comparing the average
calorie intake and toughest day from the first
half of the month to the other half.

Figure 2: Examples of the chatbot outputs.

the architecture and flow of our chatbot. Its main
objective is to improve long-term diet adherence,
emotional well-being, and user engagement.

3.1 Rephrased Responses
The original chatbot code included a small set of
slots used to vary the templated responses. This sys-
tem ensured consistency and safety, but lacked the
conversational fluidity of human dialogue. To en-
hance communication variety, we prompt an LLM
to rephrase the templated outputs, while maintain-
ing clarity for more structured messages. These
enhancements aim to enable more varied commu-
nication with the chatbot, and encourage higher
engagement among trial participants.

To achieve high-quality rephrasing without the
need for additional fine-tuning, we experimented
with prompt engineering using instruction-tuned
variants of Gemma 7B (Gemma Team et al., 2024),
Mistral 7B (Jiang et al., 2023), and Llama 3 8B
(AI@Meta, 2024), settling on Llama 3 8B as the
production model.

With basic prompting (as in Figure 3), we faced
issues with ambiguous and context-sensitive mes-
sage templates (Figure 4). To address these, we
exploit the fact that the rule-based chatbot gives
us explicit access to the output message intent (e.g.
insights on which nutrients, over which days). We
develop a targeted prompt that dynamically adapts
to message context with explicit, intent-specific in-
structions (Figure 5), reducing hallucinations by
constraining the model to rephrase within context.

3.1.1 Evaluation
We conducted an additional human evaluation with
20 native English-speaking crowd workers on Pro-
lific. Participants were shown pairs of templated
and rephrased messages and asked to indicate
which they preferred, which felt more natural, and
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Rephrase the following message to the user, keep-
ing any mentioned dates. Do not introduce new dates
or assume time periods. Do not add extra information.
Use emojis.
[message]

Figure 3: Initial prompt for message rephrasing.

Example Templated Output

TREND AND CONSISTENCY: sorry, I need 3
or more days for this

Example Rephrased Output with Initial Prompt

Need a little time to get into the swing of things!
Please allow at least 3 days for this

Figure 4: Example of a problematic rephrased output
from the initial rephrasing prompt (Figure 3), due to
ambiguity in the original templated message responding
to a user’s request for advanced insights over a time
period shorter than three days.

whether both conveyed the same meaning. About
65% of responses were preferred in their rephrased
form, and 72% were judged more natural. Only a
small number of participants (n=6) reported any dif-
ferences in meaning between the messages. These
findings confirm that LLM-based rephrasing, when
carefully prompted, can enhance the linguistic qual-
ity and engagement of chatbot responses. We pro-
vide more information on this evaluation in Sec-
tion C.

3.2 Nutritional Counselling

We integrate a nutritional counselling feature de-
signed to support users not only with dietary data,
but also with the psychological and behavioural
challenges of healthy eating. This feature is
powered by a language model fine-tuned on the
HAI-Coaching dataset (Balloccu et al., 2024), a
collection of ∼2.4K crowd-sourced dietary strug-
gles paired with ∼100K expert-annotated support-
ive responses. The struggles are textual descrip-
tions of problems affecting people’s diet and cover
a wide variety of topics, from snacking and dietary
restrictions, to emotional eating, anxiety, and de-
pression. The responses are equally split into four
categories—reflection (understanding the struggle),
comfort (providing emotional support), reframing
(portraying the struggle positively), and suggestion
(actionable next steps)—as curated by human ex-
perts and reflective of the psychological research

Final Rephrasing Prompt
INTENT: “compare_no_dates”; NUTRIENT: None;

The user requested comparative insights into their
food diary but did not give dates. Do not greet the
user. Do not include additional information. Use
simple language and emojis. Rephrase the following
message to the user.

Rephrase the message:
Please give me two dates or a date range to compare

Example Rephrased Output

To help you with your food diary, could you please
provide two specific dates or a date range for compar-
ison?

Figure 5: An example of the dynamic rephrasing. The
context leading up to the intent of the templated chatbot
output (“compare_no_dates” + no nutrient specified)
is extracted from the NLU pipeline and dynamically
added to the prompt, resulting in the rephrased output.

behind nutritional counselling.
We initially test by fine-tuning several models:

GPT-2 medium (Radford et al., 2019), FLAN-T5
base (Chung et al., 2024), BabyLlama (Timiryasov
and Tastet, 2023), Gemma 7B (Gemma Team et al.,
2024), Mistral 7B (Jiang et al., 2023), and Llama 3
8B (AI@Meta, 2024). We include older and more
limited models (GPT-2 and BabyLlama) to inspect
whether newer, instruction-tuned ones offer a real
advantage in terms of performance.

For GPT-2 and BabyLlama, we guide the gener-
ation of each category of supportive text via special
tokens ("<|struggle|>, "<|reflection|>, etc.)
in a controllable text generation fashion (Keskar
et al., 2019; Li and Liang, 2021; Zhang et al., 2023).
For instruction-tuned models, we use category-
specific prompts, mirroring those used to create
the dataset (Balloccu et al., 2024). We provide the
prompts in Table B.1.

Following common practices in NLG intrinsic
evaluation (Sai et al., 2022), we calculate BLEU-
1/3 and BLEURT (Table 1), and also conduct a
qualitative review of the generated outputs. We im-
mediately excluded GPT-2, BabyLlama, Gemma,
and Mistral, as they showed poor performance and
consistently failed in producing useful supportive
text. FLAN-T5 showed strong BLEU-1 perfor-
mance, but frequently produced contradictory or
irrelevant responses. Llama 3, on the other hand,
delivered semantically coherent and contextually
appropriate suggestions across a range of examples,
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User sends description
of the struggle

Chatbot generates
and sends reflection

Chatbot generates
and sends

reframing + comfort

Chatbot asks for
additional details
about the struggle

Chatbot generates and
sends suggestion

Chatbot asks
permission to give

suggestion

Chatbot asks
if the reflection

is correct
START

END

Figure 6: Nutritional counselling flow. When receiving a dietary struggle, the chatbot generates and sends reflections,
asking the user for feedback (up to a limited amount of retries). Once a correct reflection is generated, comfort and
reframing statements are generated and sent. Following this, the chatbot asks for permission to send a suggestion,
ending the conversation.

Model BLEU-1 BLEU-3 BLEURT
GPT-2 medium 10.70 22.45 -0.38
BabyLlama 10.30 22.27 -0.42
FLAN-T5 base 20.31 34.78 -0.16
Gemma 7B 17.51 27.06 -0.20
Llama 3 8B 19.16 36.48 -0.14
Mistral 7B 12.50 25.47 -0.18

Table 1: Results from automatic evaluation of fine-tuned
nutritional counselling models, using BLEU with 1 ref-
erence, BLEU with 3 references, and BLEURT. The
best value for each metric is displayed in bold.

achieving the best BLEU-3 and BLEURT scores.
Based on these findings, we selected Llama 3 for
integration into the final chatbot.

We provide an example output from Llama 3,
fine-tuned for nutritional counselling, in Table 2.
Finally, we implement a conversation flow to guide
users seeking help, as outlined in Figure 6.

4 Chatbot Trial

We conducted a seven-week randomised controlled
trial to test the chatbot’s real-world impact from
May to June 2024. Participants were recruited
through social media, flyers, and direct outreach
across multiple locations, resulting in a demograph-
ically diverse cohort. Exact demographics are out-
lined in Section F. Through an onboarding process,
users were taught how to install the required apps,
connect their accounts, access the chatbot, and use
it. We successfully onboarded 87 participants, and
81 of them completed the full seven-week duration.
Dropouts occurred across all study groups, primar-
ily due to time constraints or lack of engagement.
These early exits were balanced across conditions

Struggle: I eat more because of stress

Reflection: Are you saying that you eat more when
you are feeling stressed?

Comfort: It’s understandable to turn to food as a
coping mechanism for stress.

Reframing: Something positive you could consider
about this is that you are aware of the connection
between stress and eating habits, and can take steps
to address it.

Suggestion: Starting from tomorrow, you could
try practicing mindfulness techniques such as deep
breathing or meditation to help manage stress and
reduce cravings for food.

Table 2: Example outputs of each supportive text cate-
gory from the fine-tuned Llama 3 model, in response to
a user-given struggle.

and did not compromise the integrity of the trial.

Participants were randomly assigned to one of
three groups: BASELINE (n=26), with templated in-
sights from the food diary only; REPHRASED (n=27),
with LLM-rephrased responses; FULL (n=28), with
LLM-rephrased messages and nutritional coun-
selling. Throughout the trial, participants logged
their meals daily via MyFitnessPal, engaged with
the chatbot on Telegram five or more times per
week, and completed a weekly emotional well-
being questionnaire using the Positive and Neg-
ative Affect Schedule (PANAS) (Thompson, 2007)
(more details in Section 5.2). Participation in the
trial was incentivised through weekly online gift
vouchers, with a doubled reward in the final week,
and adherence was monitored through MyFitness-
Pal logs and conversation history. While we en-
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Group kcal (%) Carbs (%) Protein (%) Fat (%) Sodium (%) Sugar (%)

W1(↓) W7(↓) ∆(↑) W1(↓) W7(↓) ∆(↑) W1(↓) W7(↓) ∆(↑) W1(↓) W7(↓) ∆(↑) W1(↓) W7(↓) ∆(↑) W1(↓) W7(↓) ∆(↑)
BASELINE 21.96 21.32 0.64 34.95 32.50 2.45 35.41 30.87 4.54 38.97 38.49 0.48 50.73 49.64 1.09 52.93 50.34 2.58
REPHRASED 25.42 24.33 1.09 31.89 32.80 -0.91 35.75 34.16 1.58 35.67 37.11 -1.44 51.96 61.07 -9.11 49.03 49.34 -0.31
FULL 26.68 23.40 3.28 37.56 31.22 6.34 36.04 34.63 1.42 36.21 37.17 -0.97 57.78 50.28 7.49 49.95 53.11 -3.16

Table 3: Group adherence to dietary goals. We report the absolute distance (%) from calories and nutrient goals (on
average per group). We compare differences (∆) in average between the first (W1) and last (W7) week of trial.
Best and worst ∆ highlighted.

Group Comparison kcal Carbs Fat Protein Sodium Sugar

Diff. p-value Diff. p-value Diff. p-value Diff. p-value Diff. p-value Diff. p-value

BASELINE - REPHRASED -0.27 0.54 0.65 0.27 -0.16 0.84 -0.15 0.86 0.14 0.87 0.22 0.81
BASELINE - FULL -0.38 0.38 -0.69 0.23 0.17 0.84 -0.31 0.71 -0.88 0.29 0.02 0.98
REPHRASED - FULL -0.11 0.79 -1.34 0.02* 0.33 0.68 -0.16 0.85 -1.02 0.21 -0.20 0.82

Table 4: Differences and p-values from the mixed-effects models comparing group pairs for energy and nutrients
goals. We compare weekly changes per-metric for each group. Significant p-values are marked with an asterisk (*).

couraged regular participation, occasional lapses
were tolerated as long as participants remained re-
sponsive and completed the weekly questionnaires.
Ethics and exact compensation details are provided
in Section D.

During the trial, participant adherence was mon-
itored using automated checks, including morning
checks of the previous day’s food log to identify in-
complete or implausible entries, mid-afternoon re-
minders for missing entries, and evening nudges for
inactive users (more details in Section A). While
nutritional counselling could be accessed anytime
by the FULL group, the chatbot also actively offered
it each Friday. At the end of each week, the chat-
bot provided participants with a link to the PANAS
questionnaire to assess emotional well-being and
released their weekly voucher upon completion. At
the conclusion of the trial, offboarding had partici-
pants fill out a final feedback form tailored to their
assigned study group.

The trial faced several technical challenges, in-
cluding a temporary disruption in the chatbot’s ac-
cess to MyFitnessPal data (beyond our control),
a necessity to retrain the nutritional counselling
model, and rare bugs that made the chatbot unus-
able for short periods of time (typically one hour
or less, and fixed promptly). We discuss these in
Section E.

5 Results

5.1 Dietary outcome

Participants in each group logged their daily dietary
intake using MyFitnessPal, allowing us to evaluate
adherence to the personal diet goals provided by

the app. We focused on how the LLM-powered fea-
tures in REPHRASED and FULL influenced intake be-
haviours compared to BASELINE. We first measure
the absolute distance (%) from user’s intake goals
(lower is better). Since different groups started
at different distances, we consider the difference
between the first and last weeks of the trial as a
more objective measure. Using this approach, we
avoid cases in which an improvement could be ob-
served simply because the relevant group started,
on average, closer to a specific goal.

An initial look at results (Table 3) looks promis-
ing: for the three metrics where FULL shows the
greatest improvement (kcal, carbs and sodium), the
values proved 2x-7x more than that of BASELINE.
REPHRASED, on the other hand, never showed a
greater improvement than the other groups and
actually showed the worst result out of the three
metrics.

However, the improvement values fall within a
very small range: we see cases where the “best”
group shows less than a 1% improvement, and
even the greatest values do not go past ∼7.5%.
Therefore, we check for any significance in these
results through a linear mixed-effects model (Ta-
ble 4). Here, the narrative changes: we find no
significance except for a group-by-time interaction
for carbohydrate adherence in FULL compared to
REPHRASED, hinting at an improved alignment with
carbohydrate targets over time. Considering the
lack of significance for any other measure, we deem
this to be insufficient evidence of the benefits pro-
vided by LLM-based features. We report further
insights and visualisation on dietary outcomes in
Section G.
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Group PA (↑) NA (↓)
W1 W7 ∆(↑) W1 W7 ∆(↓)

BASELINE 15.52 15.40 -0.12 8.56 8.44 -0.12
REPHRASED 14.81 16.77 1.96 10.69 9.77 -0.92
FULL 14.30 14.30 0.00 8.26 8.78 0.52

Table 5: Average positive affect (PA) and negative af-
fect (NA) scores in week 1 and week 7, and the delta
between them. We compare difference (∆) in average
between the last (W7) and first (W1) week of trial.
Best and worst ∆ highlighted.

Group PA NA

Diff. p-value Diff. p-value

BASELINE - REPHRASED 0.14 0.34 -0.13 0.47
BASELINE - FULL -0.05 0.73 0.18 0.31
REPHRASED - FULL -0.19 0.20 0.31 0.08

Table 6: Differences and p-values from the mixed-
effects models for the PANAS scores. We compare
weekly changes per-score for each group. Significant
p-values are marked with an asterisk (*).

5.2 Emotional Well-being

The PANAS questionnaire is a validated self-
assessment tool to measure emotional affect. Par-
ticipants are asked to rate specific emotions on a
scale of one to five, based on the extent they felt
them in the past week. From this, PANAS returns
two independent scores: positive affect (PA, higher
is better) and negative affect (NA, lower is better).
To analyse the effect of LLM-based features on
emotional state, we monitor the weekly change in
both PA and NA. Ideally, we would expect a no-
ticeable improvement in FULL, since this group had
access to the nutritional counselling feature, allow-
ing them to receive tailored empathetic support.

The overall results (Table 5) do not show par-
ticularly evident trends. FULL had no change in
PA, and a negligible worsening in NA. In contrast,
REPHRASED displayed the largest PA and NA im-
provements. BASELINE exhibited opposite trends
for the two measures, with a slight decline in PA
but a similarly small improvement in NA.

Again, the observed changes are relatively small.
The fact that the participants from REPHRASED
demonstrated the greatest improvements to emo-
tional wellbeing out of all groups contradicts
our hypotheses. This pattern would suggest that
rephrasing alone noticeably boosts emotional well-
being, while nutritional counselling has the oppo-
site effect. As before, we run a linear mixed-effects
model Table 6 to inspect whether any of these
changes are statistically significant. The model
did not identify any significant effects, including
for REPHRASED. We further analyse the individual
emotions targeted by PANAS by breaking down the
scores (more information in Section H). However,
no emerging trend or significance was found.

5.3 User Engagement

To investigate changes in engagement, we calcu-
lated the number of interactions (individual mes-

sages from the user), conversations (a sequence
of interactions with responses within five minutes
of each other), and days of chatbot use over the
seven-week intervention. We report more detailed
engagement metrics in Section I. The utility of
LLM-based functions here cause a noticeable in-
crease in the above metrics, indicating that the FULL
and REPHRASED groups spent more time interacting
with the chatbot.

Our results (Table 7) show a consistent decline
in all engagement metrics over time, regardless
of the group. This indicates a natural decrease in
user engagement over the weeks. FULL consistently
showed higher interaction levels, likely driven by
the additional nutritional counselling functional-
ity and the weekly direct prompt encouraging fea-
ture use. In contrast, REPHRASED did not exhibit
notable differences in engagement compared to
BASELINE. Using a linear mixed-effects model, we
find only one significant difference: participants in
FULL spent significantly more days interacting with
the chatbot than those in BASELINE. This suggests
that people in FULL spent significantly more days
interacting with the chatbot. Given the additional
promotion of the “advice” feature in FULL, the lack
of significant differences across other metrics, and
the overall downward trend, we do not consider this
sufficient evidence to support consistent benefits of
LLM-based features.

5.4 User Feedback

User feedback collected at the end of the trial pro-
vided insight into the perceived strengths and weak-
nesses of the chatbot. Over 39% of participants
from all groups judged the visualisations accompa-
nying the advanced insights as helpful for under-
standing their nutritional data. Users also appre-
ciated the food diary reminders, time-period com-
parisons, nutritional breakdowns and the chatbot’s
conversational tone and ease of use.
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Group Interactions Conversations Days

W1(↑) W7(↑) ∆(↑) W1(↑) W7(↑) ∆(↑) W1(↑) W7(↑) ∆(↑)
BASELINE 23.15 9.77 -13.38 8.08 5.19 -2.88 5.31 4.38 -0.92
REPHRASED 24.30 10.22 -14.07 7.74 5.63 -2.11 5.30 4.74 -0.56
FULL 27.75 13.39 -14.36 7.54 6.25 -1.29 4.93 5.14 0.21

Table 7: The count of interactions, conversations (interactions with less than 5 minutes in between), and interaction
days across each group. We compare difference (∆) in average between the first (W1) and last (W7) week of trial.
Best and worst ∆ highlighted.

Group Comparison Interactions Conversations Days
Diff. p-value Diff. p-value Diff. p-value

BASELINE - REPHRASED -0.02 0.96 0.08 0.53 0.07 0.26
BASELINE - FULL -0.22 0.67 0.21 0.11 0.14 0.02*
REPHRASED - FULL -0.20 0.69 0.13 0.34 0.07 0.25

Table 8: Differences in engagement metrics (by count) and p-values from the mixed-effects models. Significant
p-values are marked with an asterisk (*).

However, many participants (50% of FULL, 59%
of REPHRASED, and 32% of BASELINE) reported dif-
ficulties with the chatbot’s NLU module, specif-
ically when typos were present or phrasing devi-
ated from expected patterns. Some also struggled
with fully using the chatbot despite the manual pro-
vided. An additional concern was the chatbot’s
limited functionality when compared to tools like
ChatGPT. This reflects users’ increasing expecta-
tions shaped by open-ended LLMs, although in
healthcare contexts, stricter safety and reliability
constraints apply. Although hallucinations were
rarely reported, several users were frustrated by
vague insights or inaccuracies stemming from the
food diary data, and requested more tailored and
concrete suggestions. In particular, users wanted
meal recommendations, which we had to exclude
because of safety compliance.

Regarding nutritional counselling, some partici-
pants appreciated the supportive tone, while others
criticised the advice as overly generic, unhelpful,
or even counterproductive. Some users felt that the
attempt to offer comfort detracted from the clarity
and speed of getting useful responses. One partici-
pant specifically criticised the open-ended nature
of the advice, noting that statements like, “You
could consider that snacking can be a way to fuel
your body and give it the energy it needs,” risk
inadvertently endorsing unhealthy habits. These
issues align with the results reported by the dataset
authors (Balloccu et al., 2024).

6 Conclusion

As of today, there is an increasing trust in applying
LLMs to healthcare and its related sub-domains,
including nutrition. However, these models are
typically evaluated intrinsically, on unrealistic or
simulated tasks, and mostly relying on metrics. In
this work, we present the first objective evaluation
of the real-world impact of LLMs in nutrition. We
integrated them into a chatbot for diet coaching and
nutritional counselling, and ran a seven-week RCT
on a population of 81 participants.

Our results quickly point out the limits of intrin-
sic LLM evaluation. We found no consistent im-
provement across our metrics. Although some sta-
tistically significant improvements emerged, these
appear spurious in the larger context of our trial.
Based on our results, these models are unable to
effectively promote dietary adherence, reduce the
emotional load of dieting, provide empathetic help
through counselling, or simply boost user engage-
ment.

We conclude that, at the current time, there is
no evident benefit in applying LLMs to nutrition
in the setup we investigated. While our findings
are specific to this domain and trial configuration,
they serve as a step towards real-world evaluation
in healthcare, highlighting how LLMs might (or
might not) affect user outcomes in chatbot-driven
nutritional counselling. Our overall research un-
derscores the importance of critical evaluation of
LLMs in health-focused applications. Although
these models are often heralded for their potential
to deliver dynamic and personalised interactions,
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our findings caution against adoption without rigor-
ous real-world validation. We hope our results will
shed light on the need for real-world assessments
beyond benchmarks.

7 Limitations

We faced several limitations in this work that high-
light areas for improvement in the development
and deployment of the diet-coaching chatbot. One
significant issue was the natural language under-
standing component of the chatbot. Despite train-
ing Rasa’s pipeline on a sufficient number of in-
domain examples, the chatbot struggled with the
varied user inputs, particularly in processing dif-
ferent date formats, which the chatbot relied on
an entity parser to extract. Users often requested
insights in diverse ways and with various date no-
tations, leading to occasional misunderstandings
or failures to deliver the requested insights. This
challenge impacted the chatbot’s interactions, and
the overall user experience.

Furthermore, the trial’s reliance on a task-
specific chatbot exposes its limited adaptability
when compared to open-domain models that the
general public is usually exposed to, such as Chat-
GPT. Unfortunately, in sensitive domains, task-
specific design is mandatory, as it allows more fo-
cused and controlled interventions. An RCT with
an open-ended chatbot, able to answer any query
from the user would have been too dangerous to
be allowed. Because of this, we had to restrict our
chatbot’s ability to handle diverse conversational
contexts or unexpected queries, which are strengths
of modern open-domain models. This highlights a
trade-off between specialisation and adaptability.

Another limitation stemmed from the dataset
used to train the nutritional counselling feature.
HAI-Coaching, while expert-annotated as safe,
also contains overly generic advice. Consequently,
the chatbot’s recommendations often lacked the
depth and personalisation necessary for more im-
pactful dietary advice. This issue was further ag-
gravated by the lack of integration between user-
reported struggles and their submitted food diaries.
Although the food diary data were collected and
processed separately for analysis of the trial out-
comes, the chatbot did not use them to tailor its ad-
vice. This omission, which several trial participants
pointed out, could further enhance the nutritional
counselling feature.

Additionally, our implementation relied on rela-

tively smaller models rather than larger, more pow-
erful models. This choice was primarily driven
by hardware limitations and the practical neces-
sity for fast inference times; the chatbot needed to
handle concurrent interactions with all trial partici-
pants and provide responses within a few seconds
to maintain conversational flow. It remains possible
that larger models, with greater capacity and more
nuanced language understanding, might have deliv-
ered improved counselling quality or engagement.

Finally, as this is the first RCT evaluating LLM-
based nutritional counselling, there is limited prior
evidence on the timescale over which such inter-
ventions might influence dietary outcomes. Un-
like previous trials using template-based messages,
there are no directly comparable studies to guide ex-
pected effect onset. Consequently, the seven-week
duration of our trial was chosen pragmatically, con-
strained by available funding and resources rather
than established guidance. Future work could in-
vestigate optimal intervention duration, potentially
informed by emerging evidence or longitudinal
studies, to better contextualise the timing and mag-
nitude of effects.
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A Trial Checks

Throughout the duration of the trial, the chatbot
performed several daily checks on participants to
ensure and encourage task adherence:

• At 10am, the chatbot checked for any abnor-
malities in the previous day’s food logs, con-
sidering a combination of objective measures
and heuristic decisions. The abnormalities
found could be to do with mistakes in logging,
or diary incompleteness. If it noticed an abnor-
mality, the chatbot sent a message asking the
user to double check their food diary on My-
FitnessPal. These checks investigated whether
the user’s food diary from the previous day:

– was empty;
– consisted of less than half their calorie

goal;
– consisted of more than twice their calorie

goal;
– had less than four food items recorded;
– contained a particular food item with a

recorded amount of more than one kilo-
gram, two litres, or six cups.

• At 4pm, the chatbot sent a reminder to any
user with an empty diary that day, i.e. anyone
who had yet to log a food item.

• At 6pm, if the user had not interacted with
the chatbot in the last 36 hours, the chatbot
encouraged them to initiate a conversation.

B Technical Details

For fine-tuning the nutritional counselling models,
we had access to NVIDIA A40 GPUs with 48GB of
VRAM. We applied 4-bit quantisation to optimise
memory usage and enable efficient training of the
larger of the chosen models (Gemma 7B, Llama 3
8B, and Mistral 7B). The prompts are shown in Ta-
ble B.1 and the training configurations are outlined
in Table B.2. We monitored validation loss during
training and selected the best-performing check-
points. Batch sizes and training durations were
adjusted to match the capabilities of the available
GPUs.

Towards LLM-based rephrasing, we selected the
models according to our technical constraints, as
with the nutritional counselling models, but with
extra consideration of the inference speeds. This
was initially a major limitation despite a simpler
prompting approach on the machine deploying the
chatbot. Running full models on the available

Quadro RTX 5000 GPU resulted in average de-
coding times of over 30 seconds per message—too
slow for a real-time chatbot. We explored several
optimisation strategies, including 4-bit quantisa-
tion, KV-caching, torch.compile, flash attention.
While most techniques yielded minimal improve-
ments, combining the 4-bit quantised Llama 3 with
the Ollama API drastically reduced decoding time
to around 1.1 seconds per message, making real-
time deployment viable. Results from an initial
prompt (Figure 3) on 19 example messages with
varying intents and complexity are outlined in Ta-
ble B.3. Among the three models, Mistral was
quickly ruled out due to inconsistent outputs and oc-
casional language mixing. Gemma performed bet-
ter, but tended to omit key information and exhib-
ited slower inference times. Llama 3 8B emerged
as the most consistent, producing diverse and accu-
rate rephrasings, and was selected as the production
model.

C Rephrasing Evaluation

In order to verify the suitability of the rephrasing
model, we ran an intrinsic evaluation with human
crowd workers to compare the templated responses
against the rephrased ones. In this experiment, our
objective was to evaluate the preference of chatbot
users towards the original templated responses of
the baseline chatbot or the responses that have been
rephrased by the prompted model. Furthermore,
we aimed to determine which response sounded
more natural to users and whether users could dis-
tinguish any difference in meaning between the two
texts. Only a few semantic mismatches were re-
ported, typically due to numerical misinterpretation
in isolated cases.

The evaluation took the form of an annotation
task that presented a random sample of 12 pairs of
templated responses and rephrased outputs, with
accompanying conversational context, covering a
diverse range of user queries and scenarios. These
text pairs are included in our repository. The partic-
ipants were shown these text pairs as a sequence of
twelve questions, including an attention question
designed to make sure that they were completing
the task according to the instructions. To each
presented text pair, they had to answer three sub-
questions:

1. Which response do you prefer?
2. Which response sounds more natural?
3. Do both responses have the same meaning?
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Text Prompts
REFL You are an expert dietitian. Below is a struggle your client is experiencing.

Summarize what the problem is about or infer what they mean. Do not
assume their feelings.

### Struggle:
[STRUGGLE]

### Reflection:

COMF You are an expert dietitian. Below is a struggle your client is experiencing.
Tell them that the situation is not unrecoverable, normalize the situation or
make them feel understood. Do not normalize dangerous behaviours in a
way that explicitly encourages your client to commit them.

### Struggle:
[STRUGGLE]

### Comfort:

REFR You are an expert dietitian. Below is a struggle your client is experiencing.
Show a benefit to the struggle that they did not consider or find something
about the struggle to be grateful for.

### Struggle:
[STRUGGLE]

### Reframing:

SUGG You are an expert dietitian. Below is a struggle your client is experiencing.
Tell the person how to change their habit to improve or suggest an alternative
helpful activity.

### Struggle:
[STRUGGLE]

### Suggestion:

Table B.1: The instruction prompts used to fine-tune the instruction-tuned models.

Model Batch Epochs LR Optimiser
GPT-2 small 8 10 5e-5 AdamW
GPT-2 medium 4 10 5e-5 AdamW
BabyLlama 8 20 5e-5 AdamW
FLAN-T5 base 8 30 1e-4 AdamW
Gemma 2B 2 3 2e-4 paged_adamw_8bit
Gemma 7B 2 3 2e-4 paged_adamw_8bit
Mistral 7B 2 3 2e-4 paged_adamw_8bit
Llama 3 8B 2 3 2e-4 paged_adamw_8bit

Table B.2: Parameters for the fine-tuning of the nutri-
tional counselling models. LR = learning rate.

If the participant responded with "No", they
could optionally provide a reason.

Technique Llama 3 Gemma Mistral
Full model 29 48 31
4-bit model 6.3 7.6 11
Unsloth 34 — —
Ollama 1.1 1.1 —

Table B.3: Average decoding time in seconds per exam-
ple for each of the 19 example messages rephrased by
the models using various methods.

Participants of this annotation task were sourced
on Prolific (https://www.prolific.com), under con-
ditions that they were primarily an English speaker.
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Text pair Preferred More natural
1 70% 85%
2 75% 85%
3 65% 65%
4 55% 65%
5 60% 55%
6 75% 90%
7 55% 60%
8 65% 75%
9 60% 75%
10 85% 80%
11 55% 65%

Table C.1: Results of the human evaluation of the
rephrased responses in comparison to the templated re-
sponses in terms of proportion of participants in favour
of the rephrased response.

In total, 23 crowd workers on the platform com-
pleted the task, of which 20 passed the attention
question to be considered in our analysis.

The results of the task are displayed in Ta-
bles C.1 and C.2. Overall, the findings suggest that
while participants generally preferred and found
the rephrased responses more natural compared to
the templated responses, the preference was not
overwhelmingly strong, with some text pairs show-
ing a narrower margin of preference. While the
templated outputs featured more structured format-
ting through the use of newlines and bolding, the
rephrased outputs leaned toward a more conver-
sational style, often incorporating emojis as in-
structed. This difference in presentation may have
influenced participant preferences and contributed
to the higher perceived naturalness of the rephrased
responses.

D Ethics Details

Ethical approval was obtained from the University
of Aberdeen as well as ethical advisors at Charles
University, and informed consent was obtained
twice from all trial participants during onboarding:
once during registration and again at onboarding,
ensuring participants fully understood the study
tasks (after group assignment) and data usage. Par-
ticipants had the right to withdraw at any point be-
fore data analysis began, and any data from those
who withdrew early was excluded from analysis.
As compensation, participants were given online
gift vouchers (Alza or Amazon) worth C8, AU$13,
or 200CZK for each completed week of the first
six weeks of the experiment, and C16, AU$26, or

400CZK for the seventh (and final) week of the
experiment, if completed.

E Technical Challenges During the Trial

During the initial setup of the model for the user
trial, the model was trained on the first safe sup-
portive text, prioritising the candidates provided by
experts. However, part-way through the user trial,
we identified an oversight: we had inadvertently
ignored many other safe candidates in training that
make up about seven times the number of train-
ing examples in the initial fine-tuning. That is,
in the original model, a struggle was trained with
a single corresponding text category, but, in fact,
there are up to ten generated candidates and up
to three expert-provided texts that can be used for
training. To address this, the model was immedi-
ately retrained on the full set of safe candidates and
swapped out with the original model serving the
chatbot in the user trial in time for the fifth week
since the beginning of the trial.

This approach provided the opportunity to com-
pare the performance between the original and up-
dated models. At the conclusion of the trial, we
asked users if they observed any difference in the
performance of the nutritional counselling model
since the trial start. About 28% of participants
(n=8) agreed that they noticed an improvement,
while 48% (n=13) provided a neutral response, in-
dicating no significant change in their experience.
The remaining 24% (n=7) disagreed. These results
imply that the additional training data may not have
led to substantial improvements in model perfor-
mance. However, it is important to consider that
the declining use of the “advice” feature over time,
like the general decrease in chatbot interactions,
may have influenced these perceptions.

The trial also faced several other technical chal-
lenges. The most significant was a temporary dis-
ruption in access to MyFitnessPal data between
Weeks 4 and 5 (June 18–21), which prevented the
chatbot from delivering personalised dietary in-
sights. During this time, the nutritional counselling
feature remained active. Users were informed of
the issue and encouraged to continue logging meals
independently. Full functionality was restored by
June 21, and daily interaction requirements were
relaxed to accommodate the interruption. Other dis-
ruptions that occurred were infrequent and resolved
promptly.
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Texts Explanation
1 1 The “on average” section had the numbers reversed.
2 1 One has a 40% deficit and one has a 60% one

9 One asks to be let know what changed one does not
3 4 [The templated response] states ’to see how different foods

contribute to your intake’ but [the rephrased response] states
’foods that contributed to your daily intake’

6 [The templated response] is referring to safety but [the rephrased
response] is referring to the accuracy of the results

4 9 —–
5 1 They differed in the average protein that the user consumed,

[the rephrased response] claimed they only hit 40% of their
protein goal while [the templated response] claimed that they
hit 60%.

6 1 Numbers juxtapositioned

Table C.2: Results of the human evaluation of the rephrased responses in comparison to the templated responses in
terms of the reporting of differences in meaning.

F Trial Demographics

Demographic data collected at registration included
age, gender identity, educational background, oc-
cupation, ethnicity, native country, English profi-
ciency, and nutritional literacy captured through
Pfizer’s NVS questionnaire (Weiss, 2005). The col-
lected statistics are illustrated across Figures F.1
and F.2.

The final study group was predominantly female,
well-educated, ethnically diverse, and with ade-
quate English skills and nutritional literacy for en-
gaging with the chatbot and interpreting dietary
insights.

G Trial Dietary Results by Weight Goal

To explore variation in diet outcomes according to
the different weight goals, we analysed absolute
distance and goal percentage trends among partici-
pants aiming to lose, maintain, or gain weight by
fitting regression lines to each study group (Fig-
ures G.3 to G.8). Those seeking to lose weight and
receiving nutritional counselling showed greater
improvements in goal adherence—especially for
energy and protein intake—than other groups.
However, participants aiming to gain weight saw
poorer adherence across most nutrients in the nu-
tritional counselling group. These subgroup trends
suggest that the nutritional counselling feature may
have had uneven effects, depending on nutritional
goals.

H Emotional Well-being Metrics

In an analysis of the result in positive affect
by weight goal subgroups (Figure H.11), we ob-
served a clear divergence in the effectiveness of
interventions across groups. Participants with a
goal to lose weight demonstrated the most consis-
tent and notable improvements in positive affect
scores, particularly in REPHRASED, where scores
steadily increased from Week 1 to Week 7. In con-
trast, those aiming to maintain weight showed
more stable and less pronounced changes across
all groups. While REPHRASED still outperformed
BASELINE and FULL, the magnitude of change for
those aiming to maintain their weight was less dra-
matic compared to those aiming to lose some, sug-
gesting that participants maintaining weight may
experience fewer fluctuations in emotional or mo-
tivational states due to a less urgent goal. The
subgroup of participants looking to gain weight,
however, presented more varied outcomes. Positive
affect scores fluctuated considerably across weeks,
with FULL showing the steepest increases toward
the end of the study.

An analysis of positive affect across the specific
emotions (Figure H.12 revealed notable differences
between them. While some positive emotions such
as “Alert” and “Inspired” exhibited slight improve-
ments, others, like “Determined” and “Enthusias-
tic,” showed either stagnation or a gradual decline
over the weeks. This variability suggests that the
nutritional counselling intervention in this work
may not have effectively addressed the emotional
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dimensions critical for sustained engagement and
motivation.

Again, we analysed the subgroups with differ-
ent weight goals for negative affect (Figure H.15).
Among participants who aimed to lose weight,
those in FULL experienced minimal reductions in
negative affect compared to those in BASELINE and
REPHRASED, both of which showed significant de-
clines. With participants who wanted to maintain
weight, FULL again failed to show improvement,
with a relatively flat trend line, while the other two
groups showed consistent reductions. For partic-
ipants aiming to gain weight, FULL exhibited the
least improvement, with scores fluctuating without
a clear downward trend.

Examining the individual negative emotions
(Figure H.16) highlights further limitations of nu-
tritional counselling for FULL. The emotions of
“Afraid”, “Scared”, and “Upset” showed little to no
improvement in FULL, while the other two groups
experienced gradual reductions over the interven-
tion period. Nervousness scores in FULL remained
stable or even increased slightly, unlike REPHRASED,
which showed a notable decline in this emotion by
the end of the study. Despite some fluctuation,
there was no significant improvement in distress
scores for FULL, in stark contrast to REPHRASED,
which showed a steep decline.

I User Engagement Metrics

To investigate the effect of the rephrasing of
templated responses that was present in both
REPHRASED and FULL, we looked at how user
engagement differed between these groups and
BASELINE. As engagement metrics, we used the in-
teractions (i.e. individual messages from the user),
conversations (i.e., a sequence of interactions with
responses within five minutes of each other), and
days that users interacted with the chatbot, consid-
ering the total number and distribution over the trial
duration.

As shown in Figures I.1 and I.2, the mean num-
ber of interactions per day and week declined con-
sistently over time for all groups, indicating a natu-
ral decrease in user engagement as the intervention
progressed. However, FULL consistently demon-
strated the highest number of interactions over-
all, likely reflecting the additional “advice” fea-
ture available exclusively to this group, as well as
the prompt to use it every week. In contrast, the
rephrased responses alone in REPHRASED did not

appear to significantly affect engagement metrics
over time compared to BASELINE.

The mean number of conversations per week
(Figure I.3) presented more mixed results. While
FULL maintained the highest number of conversa-
tions, as highlighted by the total number of con-
versations in Figure I.6, the differences were not
as pronounced as the total number of interactions
(Figure I.5). The lack of notable differences be-
tween BASELINE and REPHRASED suggests that the
increase in overall conversations observed in FULL
was also driven primarily by the additional “advice”
feature, rather than the rephrased responses shared
by REPHRASED and FULL. Furthermore, FULL did
not engage with the chatbot on more days per week
than the other groups (Figure I.4), so there was no
clear evidence that the rephrased responses had any
consistent impact on this metric.

These findings suggest that while the “advice”
feature and the weekly prompt in FULL contributed
to overall engagement, rephrased responses did not
significantly influence the number of conversations
or the frequency of chatbot use.
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Figure F.1: Graphics showing collected demographic data of participants (part 1).
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Figure F.2: Graphics showing collected demographic data of participants (part 2).
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Figure G.1: Overall absolute percentage distance from MyFitnessPal intake goals.
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Figure G.2: Overall goal percentage of MyFitnessPal intake goals.
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Figure G.3: Absolute percentage distance from MyFitnessPal intake goals for participants aiming to lose weight.
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Figure G.4: Goal percentage of MyFitnessPal intake goals for participants aiming to lose weight.
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Figure G.5: Absolute percentage distance from MyFitnessPal intake goals for participants aiming to maintain their
weight.
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Figure G.6: Goal percentage of MyFitnessPal intake goals for participants aiming to maintain their weight.
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Figure G.7: Absolute percentage distance from MyFitnessPal intake goals for participants aiming to gain weight.
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Figure G.8: Goal percentage of MyFitnessPal intake goals for participants aiming to gain weight.
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Figure H.9: Positive affect score.
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Figure H.10: Delta positive affect score.
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Figure H.11: Positive affect score by weight goal.
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Figure H.12: Positive affect score by emotion.
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Figure H.13: Negative affect score.
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Figure H.14: Delta negative affect score.
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Figure H.15: Negative affect score by weight goal.
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Figure H.16: Negative affect score by emotions.
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Figure I.1: Mean number of interactions per day.
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Figure I.2: Mean number of interactions per week.
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Figure I.3: Mean number of conversations per week.
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Figure I.4: Mean number of days users interacted
with the chatbot per week.
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Figure I.5: Total number of interactions per group.
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Figure I.6: Total number of conversations per group.
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